Abstract-Recently, the concept of Human-centered automation is adopted in Human-Robot Collaboration (HRC) scenarios, where interactive manufacturing systems are designed to emphasize human activities, by relating them with CyberPhysical Production Systems (CPPS). This research is focused on self-adaptation of industrial manipulators to the operator's physiological characteristics, which involve the correlation of different biometric signals. A collaborative environment was achieved by implementing a CPPS for this intent. The developed use case scenario consists in a simple manufacturing process, which involves a human operator and a mini robotic arm, in a joint manipulation of objects. The robotic arm assists the human operator regarding task execution, considering the worker's realtime monitoring, regarding stress and fatigue levels and motion tracking. The monitoring of the human operator serves as input for the self-adaptation of the robotic arm, namely task execution's speed, and correct operation. Presented results show that the implemented Fuzzy system can classify stress and fatigue with an accuracy of 87.8% and 74.4% respectively.
I. INTRODUCTION
Since the beginning of industrialization, there is a huge interest from the manufacturing companies to innovate their production systems and develop new ideas as competitive advantages. The applicability of new technologies in industry, which lead to paradigm changes, by allowing increased revenues at lower costs, are usually known as industrial revolutions. At present, we are assisting the 4 th Industrial Revolution, mostly known as Industry 4.0, which is characterized by advances in Cyber-Physical Production System (CPPS), leading to new forms of industrial collaboration [1] .
With the rapid rise of industrial system's complexity, human factors have only been considered in manufacturing environments as a response to automated process failures. Pacaux-Lemoine et al. [2] point out that, until recently, the design of industrial systems followed a technology centered approach, where human operators were only considered once the control systems were already defined, in order to handle unexpected situations within machine process and control. They underline the importance of Human-Centered Systems (HCS), by addressing the role of human operators in early stages of the design process. There are several discussions regarding the role of the human in these new industrial process methodologies, and a few recent R&D projects have emerged to study the Human-Machine Collaboration (HMC) subject, namely the ProSense [3] and the ROBO-PARTNER [4] . Bedwell et al. [5] describe collaboration as the act of working jointly with other entities, which is possible based on three main topics: 1) Communication, which involves information sharing that enables sense-making of complex situations; 2) Coordination of activities regarding available resources and mutual agreement on overall goals; and 3) Cooperation, which indicate the recognition of the importance of shared goals' accomplish and the work together in order to reach them.
The primary goal of this study is analyzing the cooperative interaction between industrial equipment and human operators when in a collaborative environment. To accomplish the cooperative interaction, the problem will be modeled and a CPPS build, the latter developed in the R&D project SelSus . In the test case scenario, several biometric sensors are attached to an operator that performs collaborative tasks with a robotic arm equipped with external sensors. In this scenario, a Cloud infrastructure is also included to analyze data. The purpose is to examine cooperative tasks between machine and man, correlating data from the operator's and robot's sensors. With the collected data it is possible to comprehend the operator's habits and build a working profile while stress and fatigue levels are inferred over time. These levels allow giving selfadaptation skills to the robotic arm, minimizing the impact of human flaws in the process while improving the worker's conditions, without altering process efficiency and quality of products.
The paper is organized in five more sections. Section II provides a literature review regarding methods, strategies and metrics used for human stress, fatigue and motion monitoring. Section III presents and describes the implemented approach, focusing on the methods to collect and process physiological signals, namely Electrocardiogram (ECG), Electrodermal Activity (EDA) and body motion. In Section IV is detailed the use case scenario used to accomplish a collaborative environment and the proposed approach is validated, presenting the tests and experiment results. Finally, Section V concludes the paper with a discussion regarding the presented results and states final remarks about this work and future steps.
II. HUMAN OPERATOR MONITORING
Considering that teamwork is best when the members of the same team understand each other, HRC can provide 978-1-5386-5346-3/18/$31.00 c 2018 IEEE several challenges since humans and robots are very different entities, mainly recognizing and understanding one another mentally/computationally and physically.Facing the real world uncertainty, it is difficult for both human and robot to anticipate each other's actions and be aware of the working conditions of the other teammate. This can be addressed by constantly monitoring each entity, in order for other teammates self-adapt in case of unexpected situations. While monitoring robots for human adaptation is very common, the contrary isn't, namely monitoring humans for robot adaptation. This section reviews both application-oriented and academic research work regarding strategies for human monitoring in the industrial context, namely stress and fatigue.
Fatigue and stress levels are considered reliable Key Performance Indicators due to the existent relationship between high levels of human stress and fatigue and a decreasing human performance that leads to low productivity and safety issues. In this context, stress is considered the conscience of not handling a work environment's requirements, being correlated with a negative emotional feedback and physical changes. Fatigue is described as the decrease of ability to answer to specific situations, due to mental or physical activity overloading. It induces physiological changes during and after continued periods of exhausting activity, increasing the risk for health problems and accidents [6] . It is important to note that sometimes fatigue be a consequence of stress since the response to stress can be generated until fatigue is achieved.
Several human physiological metrics can be used to measure stress and fatigue. When a stressful event occurs, the body releases adrenaline, increasing heart rate, contracting blood vessels and stimulating sweat glands. Heart Rate Variability (HRV) can be used to perceive if someone is under stress [7] , [8] . This metric is obtained by calculating inter-beat intervals (IBI), i.e. the time between two consecutive ECG's "R" waves (R-R interval). EDA is processed through the measurement of the conductivity of the skin, that is associated with the number of sweat glands that are active. Skin Conductance Responses (SCRs) are reactions to harmful events, increasing when an individual is stressed or mentally fatigued. To identify the existence of mental fatigue an Electroencephalography (EEG) can be used. For instance, Beta Waves show escalations in the alert state, so if this waves' activity decreases it may mean a fatigue state [9] . The Electromyography (EMG) detects muscular activity, measuring superficial tension occurred during the contraction of a muscle. Given that stress causes musculature disorders (higher muscular tension during effort and rest periods), stress can be detected an EMG [10] .
There are some machine learning techniques that can be used for classification to allow detection of human stress and fatigue. These techniques may use several physiological metrics described earlier as input. A survey was performed, which is summarized in Table I . Bayesian classifiers apply Bayesian analysis to the problem of classification. Naive Bayesian classifiers were used to classify if individuals were stress or not, in various systems [11] , [12] . Also, Bayesian Networks (BN) were applied to distinguish high stress measures from [18] (88.28%) ECG
Fuzzy Logic
Kumar et al. [19] , [8] Rani et al. [7] (NA) ECG de Santos Sierra et al. [20] (99.5%) GSR & ECG baseline for 20 subjects in static situations [13] . Artificial Neural Networks (ANN) rest on neural connection capability of reacting and learning. To classify drivers' fatigue in 12 individuals, Patel et al. used an ANN, utilizing data acquired when in situations of real fatigue [9] . The decision tree is a practical classifier approach that uses a "divide-and-conquer" method, using tree-shaped structure. Zhai & Barreto [12] combined Galvanic Skin Response (GSR), Blood Volume Pulse (BVP), Pupil Diameter (PD) and Skin Temperature (ST) in a system using a J48 decision tree, obtaining 88.02% accuracy. In order to predict stress, Sun et al. [13] used GSR, ECG and accelerometer (ACC) data, also using as classifier a J48 decision tree. Shen et al. [14] used a Random Forest (estimator that uses several decisiontree classifiers, where the output is the most voted from all of the trees) with EEG data to detect driver's fatigue in 12 subjects.
Support Vector Machines (SVM) are supervised learning models that allow linear classification techniques to be applied to non-linear data. SVM have been used for stress prediction using data from GSR, BVP, PD and ST [12] , [11] . Sun et al. [13] used SVM as the classifier for a scheme that detects stress using data from ECG, ACC and GSR. Using a Fuzzy SVM and Photoplethysmograph (PPG), PD, and ECG information Mokhayeri et al. [15] proposed a system to detect mental stress. Shen et al. [16] used also a Fuzzy SVM to classify fatigue based on EEG data, in 12 subjects, obtaining an accuracy of 87.2%.
kth-Nearest Neighbor (k-NN) is a non-parametric method utilized to classify observations into groups. A k-NN classifier using EEG and Spectral Centroids techniques was implemented by Sulaiman et al. [17] to detect stress, from two cognitive states. Also using a k-NN classifier, this time with HRV based transformation algorithms, Wang et al. [18] achieved a maximum accuracy of 88.28% for stress recognition.
Fuzzy control systems contain three conceptual elements: a rule base, i.e a collection of IF-THEN rules; a membership function database utilized in these rules; and an inference mechanism that obtains outputs from the inputs, combining the said Fuzzy rules. Fuzzy-based techniques are very used approaches to detect stress and fatigue. Using subjects' Heart Rate (HR) and a Fuzzy modeling method, Kumar et al. [19] filtered uncertainties between physiological indicators and the score of workload in individuals. Also using HRV, a Fuzzy clustering along with robust identification methods were used for mental stress assessment [8] . Rani et al. [7] also infer stress using HRV analysis, using Fuzzy logic to give to a robot the capability of recognizing several human psychological states. Also, a system based on Fuzzy logic to detect stress using GSR and HR, obtained an accuracy of over 90% in stress detection, for data trained for each individualà priori [20] .
III. METHODOLOGY
Considering the cooperative human-machine interaction problem described in Section I, a CPPS based solution is proposed. Lee et al. [21] proposed a 5-level architecture (5C) that was used as foundation for CPPS development. The implemented CPPS has self-adaptation skills, enabled by a MAPE-K feedback loop [22] acting as functional architecture. This self-adaptation concerns the industrial robot's adjustment in accordance with the operators' working profile, namely his preference in a particular order of execution in a composed task, and his emotional state (stress and fatigue). The overall implementation is resumed in Figure 1 . In the scope of the SelSus project [23] , the implemented self-adaptive CPPS is mainly characterized by the Sensor Cloud and three different SelComps: Robotic arm SelComp, BITalino SelComp and Kinect SelComp. SelComps [24] are logical entities that resulted from the virtualization of physical devices into an agent-like system. SelComps aim to interface the physical world with the virtual environment, creating a representation of every entity in the system. SelComps provide a set of services, which are mainly concerned with the internal engines for low-level data processing and communication interfaces with a Cloud infrastructure. This Cloud infrastructure (Sensor Cloud), provides several analytics services, having as input the data sent by SelComps.
BITalino
This module has the data monitored from the human as inputs and the adjustment parameters as outputs. These parameters are established when the process needs adjustments, and are then sent as an action to be executed by the Robotic Arm SelComp. While performing its tasks, the Robotic arm is able to adapt its execution time, and the order of task execution, according to the feedback that results from monitoring the human stress, fatigue and body motion. Each SelComp runs a MATLAB script, which assesses ECG and EDA body signals from BITalino, as well as body tracking from the Kinect sensor. The Sensor Cloud provides a service based on Fuzzy Logic, which classifies the input ECG, EDA and body motion features into levels of stress and fatigue.
A. Electrocardiogram
The process of recording the electrical activity of the heart is called ECG. After acquiring the ECG signal, it requires some processing. Commonly the ECG is formed by the P, QRS and T waves.Detecting this different peaks is one of the difficulties in ECG processing. Equation 1 is used to convert the raw BITalino input values to ECG measurements, where ECG mV is the ECG measurement in millivolts, the ECG B the input value from BITalino, V cc is 3.3V (operating voltage), n the number of bits (10 bits) and G ECG the sensor gain, defined in the BITalino's ECG sensor data sheet as 1100.
Then, several filters were applied in order to smooth and remove noise from the obtained signal. A Savitzky-Golay filter was used to smooth the signal, which increases the signal-tonoise ratio. Then, for electrical noise's frequency detection in the signal, a power spectral density (PSD) analysis was conducted. To remove electromagnetic interference a Finite Impulse Response (FIR) stopband filter was applied (cutoff 48Hz to 52Hz noise).
Muscular noise also affects the ECG signal but can be removed. For this a cutoff frequency of 30Hz for a 6 th order low-pass Butterworth filter is used, causing some of the ECG peak waves' amplitude to reduce. Another very usual source of noise is the baseline wander, a high bandwidth and low frequency noise that is caused by electrodes due to body movements and respiration [25] . A high-pass 2 nd order Butterworth filter was utilized to remove this noise, where the slowest heart rate (35 beats per minute (bpm)) defined the cutoff frequency, meaning 0.58Hz for the lowest frequency.
For stress and fatigue detection various ECG metrics can be used. In this work, the Inter-Beat Interval (IBI), Heart Rate (HR) and Low/High Frequency Ratio (RATIO) were the ones used. The R-peaks were detected to calculate the IBI (measuring R-R intervals), then, calculating the median of those intervals, the HR in bpm was simply obtained. Finally, the analysis in the frequency domain of the HRV (time variation of the intervals between beats (R-R intervals)) was performed to obtain the RATIO.
B. Electrodermal Activity
The EDA signal shows the electrical variation of the skin due to the activity of the sweat glands that is caused by various stimuli. This variation is translated into conductivity, typically in microSiemens (µS) [26] and is obtained with the measurement of the voltage existent between two electrodes applied to the palm's skin. EDA is also converted to standard units, just like in the ECG. Initially, the sensor resistance (R M Ohm ) in megaOhms(MOhm) is calculated (Equation 2), where ADC is the input value from BITalino and n is the number of bits (10 bits). The R M Ohm is then used to obtain EDA uS , as Equation 3 shows.
First, to remove high frequency noise an exponential smoothing function with a smoothing factor α of 0.05 was used. Then, a cutoff frequency of 1Hz was defined for a 2 nd order low-pass Butterworth filter for the elimination of high-frequency noise.
For stress and fatigue detection using EDA good SCR detection is essential. The difficulty when detecting SCRs is to distinguish event-related SRC (ER-SRC) from non-specific SCR (NS-SCR). Given that the criteria used to analyze SCR can't be too soft (it could include NS-SCRs) nor too strict (it could discard ER-SCRs), it was considered that a SCR with an amplitude smaller than 15% of the peak SCR amplitude would be discarded. SCR amplitude mean SCRamp (detected SCRs' average amplitude), and the number of identified SCRs in the EDA signal SCRnumber, were the features retrieved from the EDA signal.
C. Body Motion
The motion sensor Kinect v2 and Software Development Kit 2.0 were used to detect the operator's hand position and motion. The body tracking feature was used, that matches Kinect's raw depth data with sampled trained data to label parts of the body. At first, the process identifies the human body object, then classifying the different parts of the body, to finally match a body with the data, using a Decision Forest. The nodes of the Decision Forest contain data labeled with different body parts, allowing the pixels of depth data to pass through them and match with those parts. Once a match occurs, body segments are generated, then positioning joint points that have the most likely matched data. The hand joints defined are translated in a set of X, Y , and Z values.
D. Fuzzy System
A Fuzzy Classifier provides the information needed for the Robotic arm self-adaptation, namely the levels of fatigue and stress, correlating ECG and EDA metrics retrieved from the BITalino's sensors in order to obtain stress and fatigue levels with values from 0 to 1. The implemented Fuzzy membership functions were Gaussian and the used inputs are HR, IBI and RAT IO from the ECG signal, and SCRnumber and SCRamp from the EDA signal. To create these functions the inputs' mean value and standard deviation were calculated in 3 situations: relaxation, high fatigue and high stress. In the relaxation situation, the subjects were listening to relaxing music while static and comfortable. To recreate stress, performance pressure and competitiveness were provoked with a competition in a timed game of increased difficulty. Finally, in the fatigue situation, the subjects went through physical effort during 30 minutes, then rested for 10 minutes, after which the inputs were measured.
This Fuzzy system's rules were created through a study of all input combinations, resulting in 27 rules. The way that the physiological metrics used were influenced by mental fatigue and stress was studied in order to use this knowledge as a base to rule creation.
IV. TESTS AND RESULTS
An industrial collaborative process that consists of shared pick and place tasks, executed by the human operator and robot is simulated, as can be seen in Figure 2 . The shared physical space is divided into four different regions. One contains, in this case, a set of 9 screws, which will be used in the process. The other three regions are working spaces, where boxes should be placed in. After the boxes are in the correct position, the screws should be placed inside the boxes. The process is composed by 21 sequential tasks, 12 performed by the operator and 9 by the Robotic arm. The Robotic arm's tasks consist in picking an available screw and placing it inside an existent box. The operator's tasks consist in placing an available box in a given working space and, when a screw is inside a box, rotate that screw. There are three available boxes for each working space and, in the end, it is supposed to have exactly three screws inside each box.
The operator, located in front of a shared working area, uses his right hand to place a box in the matching area. All the boxes are placed in an order of his choosing, sequentially or not. The operator's EDA and ECG signals are monitored during the execution of his tasks, making use of the BITalino's sensors attached to his left hand. Since the Robotic arm has awareness of where the operator's box was placed, it performs a task right after the operator, placing a screw inside the respective box. Next, another operator's task is executed: rotate the screw placed by the robotic arm or place a new box in its respective area. After the operator's choice of task, the robot acknowledges this choice and places the following screw in the destined box. All the tasks performed by the robotic arm have the same execution time, permitting to test the adaptation to the operator's levels of fatigue and stress by altering the robotic arm's execution time accordingly.
A. Stress and Fatigue Classifier Evaluation
Induced fatigue and induced stress conditions were used to test four subjects. The tests were executed for 5 minutes each, with a total of 10 tests for each condition and psychological level. These conditions resulted from the same process elaborated before when the process to acquire data for fuzzy membership creation was mentioned. To evaluate the classifier performance the Area Under the Receiver Operating Characteristic (AUROC) was calculated, performing an analysis of the ROC curve. To achieve this analysis the number of True Positives (T P ), True Negatives (T N ), False Positives (F P ) and False Negatives (F N ) was counted, followed by the calculation of the True Positive rate T P Rate and False Positive rate F P Rate .
The number of T P , T N , F P and F N was achieved by comparing the classifier's results with the subjects' perception of their stress and fatigue levels. The subject would express if he considered himself stressed or fatigued following each test so that his response could be compared with the result from the classifier. If this result revealed a level above the defined cutoff value and the subject considered himself under stress or fatigued the detection was considered positive. Table II shows the results of the experiments performed when combining the results of all the subjects, by presenting the classifier performance when inducing fatigue and stress in the subjects as described before.
The AUROC was calculated using the Trapezoid Rule. It indicates the accuracy of the classifier as it traduces the probability that a positive instance chosen at random will be highly ranked than a equally chosen negative instance. Figures 3 and 4 represent the ROC curves for the classification in each condition and the AUROC results, considering a threshold that resulted from random guessing (presented by the orange diagonal line in the Figures 3 and 4) . If the area is lower than that threshold, the classifier is not reliable. In Table II the overall ROC analysis is presented. As it can be seen, for stress classification a T P Rate of 94% and a T N Rate of 78% was obtained, while for fatigue a T P Rate of 86% and a T N Rate of 60% was obtained. The lower T N Rate for fatigue and stress classification, when compared with the T P Rate values, is due to the poor self-assessment that humans usually make of their own conditions, not perceiving that they are under stress or fatigued. The AUROC results demonstrate good reliability for the classification method.
Finally, the accuracy for stress and fatigue detection was calculated. Stress classification revealed better results than fatigue, achieving 87.8% accuracy for stress classification and 74.4% for fatigue classification. This difference is mainly due to the signals used being more accurate for stress detection since for fatigue the EEG is normally used. It is important to point out that most of the false positives resulted from EDA peaks derived from left-hand movements (where the electrodes were placed), causing mistakes in the SCR detection. Furthermore, it was very difficult to maintain the stress and fatigue conditions, since they were induced artificially. These limitations led to incorrect classifications in some situations.
V. CONCLUSION AND FUTURE WORK
The presented work focuses essentially on the implementation of a cooperative human-machine scenario, where a worker and a robot must execute tasks in a shared environment to complete an industrial process. In this scenario, is intended for the robot to self-adapt its task execution, considering the operator's physiologic state in terms of stress and fatigue when working together. In order to accomplish this cooperative environment, a CPPS was developed, which is composed mainly by sensing (Kinect and BITalino) and actuating (Robotic arm) devices, device logical representations called SelComps for local data analytics, and a Cloud infrastructure called Sensor Cloud for autonomous decision making. ECG and EDA signals were acquired from BITalino and further processed in the SelComp to obtain important features to infer stress and fatigue levels. These features are heart rate, inter-beat interval, the low/high frequencies ratio of the heart rate variability, the number of skin conductance responses and their amplitude. The tests performed on the Fuzzy system to detect stress and fatigue showed an accuracy of 74.4% for fatigue classification and 87.8% for stress.
Future work will focus mainly on overcoming the limitations of the physical devices used in the CPPS and the used methodology. The BITalino's restricts the user movements and positions, and it was implemented only to be suitable for righthanded individuals. Regarding the Kinect, external lighting conditions impact negatively the camera measurements. Also, there is the need for initial "calibration". Moreover, the Fuzzy classifier could be trained, in order to increase the accuracy of the stress/fatigue detection for different individuals.
